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Abstract 
The Pearl River Delta (PRD) region is one of the most industrialized areas in China, and the river water is increasingly 
deteriorated due to anthropogenic pollution from the rapid economic development. Principal component analysis (PCA) and 
cluster analysis (CA) were used to identify characteristics of water quality and to assess water quality spatial pattern in this 
region. The results of PCA for three regions showed that the first four components of PCA analysis showed 85.52% and 89.25% 
of the total variance in the data sets of North River region and West River region, respectively, the first three components showed 
84.63% of variance for data set of East River region. Results of CA based on the station score of PCA were that stations of North 
River region, East River region and West River region were grouped into four, three and four clusters, respectively corresponding 
to severe pollution, moderate pollution, light pollution (except for East River region) and good water quality, which indicated the 
similarity and dissimilarity of the river water quality. Since, the results suggest that PCA and CA techniques are useful tools for 
assessment of water quality and management of water resources. 
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1. Introduction 
Surface water pollution with chemical, physical and biological contaminants by anthropogenic activities is of 
great environmental attention all over the world [1, 2, 3]. Surface water systems mainly mean the waters naturally 
open to atmosphere, for example rivers, lakes and reservoirs water [2]. Rivers play an important role in a watershed 
for carrying off municipal and industrial wastewater and run-off from farm land, and are one of the most susceptible 
water bodies to pollutants [4, 5, 6]. The constant discharges of domestic and industrial wastewater and seasonal 
surface run-off due to the climate all have a strong effect on the river discharge and water quality. However, rivers 
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are the main water sources for domestic, industrial and agricultural irrigation purposes in a region [7], river water 
quality is one of important factors directly concerning with health of human and living beings [8]. Therefore, it is 
imperative and important to have reliable information on characteristics of water quality for effective pollution 
control and water resource management. There is a great need to evaluate the river water quality.  
For the spatial variations in hydrochemistry of rivers, the usual method of water quality evaluation is to measure 
multiple parameters of pollutants in different monitoring stations at periodic times in a watershed with varying 
topographical conditions [9]. Since, there is a complex data matrix with a large number of physico-chemical 
parameters to evaluate the water quality [10]. This is often difficult to providing a representative and reliable 
estimation conclusion.  
In recent years, principal component analysis (PCA) and cluster analysis (CA) have been widely used in the 
interpretation of complex data sets to better evaluate the water quality and a variety of environmental issues, 
including inspecting the spatial and temporal patterns of water quality, chemical species associated with 
hydrological conditions, assessment pollution sources[11, 12, 8, 13, 14, 15, 16]. The application of PCA and CA has 
provided an effective tool for water resources management and pollution control, and it is useful in identification of 
possible factors caused by natural and anthropogenic activities that influence water systems [15]. 
Pearl River delta (PRD), one of the most developed regions in China and Asia [17]ˈis an intensity region of 
population and industrial, the mass of sewage discharge increase year by year in this region, especially the discharge 
of domestic sewage almost increase sharply with population growth. The total discharge of sewage in PRD was 82.5
h108t in 2004, but 51.3h108t in 2002, increased by about 70% in two years. Although regulations of sewage 
treatment are increased in Guangdong province in recent years, most sewage still directly or indirectly discharge 
into Pearl River estuary by various pathway due to enlarged economic activities, extensive development pattern of 
economy and lagging of facilities used for sewage treatment. Water quality of PRD is further deteriorated [18, 19], , 
and has induced water scarcity in some cities although there were relatively abundant water resources [20, 21]. Due 
to the value and importance of freshwater resources, surface water pollution in PRD has become a serious problem, 
and policy-makers and researchers are trying to look for a balance between economic development and 
environmental protection. Water resource management has targeted water quality improvement resulting from the 
understanding of deleterious impact of various pollutants on water. 
The object of the present study is to analyze physico-chemical parameters of river water quality from Pearl River 
delta using PCA and CA multivariate technique, and to assess information about the similarity and dissimilarities 
among the different monitoring stations, to identify water quality variables for spatial differences, and further to 
make sure the impact of the pollution sources on the water quality parameters. 
2. Materials and methods 
All mathematical and statistical computations were performed using EXCEL 2003 (Microsoft Office®). Principal 
component analysis (PCA) and cluster analysis (CA) of water quality data sets were made through Matlab7.0 
software. 
2.1. Study area and data 
The study area (PRD) is part of Guangdong Province and located in the southern of China between 
112q00c~115q25cE and 22q30c~23q45cN, includes metropolitan cities such as Hong Kong (6.8million inhabitants), 
Guangzhou (10million), and Shenzhen (7million). This region belongs to the subtropical zone with a long summer 
and a short winter, and a mean annual temperature of 21–22 °C. The total rainfall is 1,600-2,000 mm year-1, with 
80% of the rivercs annual discharge in the wet season (from April to September). For the evaluation of water quality, 
considering the impacts of natural change and human activities, we investigated some regions in the Pearl River 
Delta and learned about the situation of water environment. The study area is covered by more than a thousand 
intersecting large and small channels [22], and the pattern of transport and diffusion for pollutants in the river 
network is extremely complicated.  
In this study, a large number of monitoring stations distribute in the river channels. We mainly studied the water 
quality of this region in dry season. We collected the data from Material achievements of synchronous hydrological 
and water quality monitor of West and East River Delta in dry season during 2005. Mainly water quality parameters 
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analyzed were dissolved oxygen (DO), chemical oxygen demand (CODMn), biological oxygen demand (BOD5), total 
phosphorus (TP), ammonia nitrogen (NH3-N), Hg and Oil. The reliability and homogeneity of the water quality 
monitoring data were strictly checked by the authority before they were released. In order to evaluate the 
anthropogenic and natural effects in this region, the survey stations were separated into three groups based on the 
geographical position and river basin as follows: 
Stations 2, 3, 10-12, 14, 15, 18, 19, 20, 28, 31-42 are located in North River region; Stations 4, 13, 29, 30, 43-49 
are situated in Guangzhou city and East river region (East River region); Stations 1, 5-9, 16, 17, 21-27 are presented 
in West River region.  
Forty-nine monitoring stations altogether are shown in the map below (Figure 1). 
 
Figure1 Map of study area with the location of water quality monitoring station along with 1-Makou, 2-Sanshui, 3-Ganggen, 4-
Laoyagang, 5-Shizui, 6-Guanchong, 7-Xipaotai, 8-Huangjin, 9-Guadingjiao, 10-Hengmen, 11-Fengmamiao, 12-Nansha, 13-Dahu, 
14-Zidong,15-Shizaisha,16-Nanhua, 17-Tianhe,18-Haiwei, 19-Nantou, 20-Xiaolan, 21-Beijieshuizha, 22-Baiqing, 23-Daao, 24-
Muzhoukou, 25-Hukeng, 26-Zhuzhou, 27-Zhuyin, 28-Lanshi, 29-Shaluowei, 30-Dashi, 31-Xiashi, 32-Sanshazuo, 33-Sanshanjiao, 
34-Sanwei, 35-Sanshakou, 36-Tingjiao, 37-Rongqi, 38-Dalongjiao,39-Shangheng, 40-Xiaheng, 41-Wuzhu, 42-Huangshali, 43-
Fubiaochang(2), 44-Huangpu(3), 45-Huangpuyou, 46-Dasheng, 47-Mayong, 48-Zhangpeng, 49-Sishengwei. 
2.2. Principal component analysis  
PCA is a multivariate statistical method which is designed to transform complexity of input variables with a large 
volume of information into new, uncorrelated variables, called principal components, which are linear combinations 
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of the original variables [15]. And it is intended to have a better interpretation of original variables. In process of 
statistical analysis, PCA mainly involves the following six major steps: (1) start by coding the variables X1, X2, Ă, 
Xp to have zero means and unit variance, and standard the variables to make sure they have equal weight in the 
further analysis; (2) calculate the covariance matrix C; (3) calculate the correlation matrix R; (4) according R to 
calculate the eigenvalues Ȝ1, Ȝ2,Ă, Ȝp and the corresponding eigenvectors Į1, Į2, Ă, ĮP; (5) rank eigenvalues and 
corresponding eigenvectors by the order of numerical value and discard components interpreting a small part of total 
variance in dataset; and (6) develop the varible loading matrix to infer the principal parameters. The principal 
components (PC) can be expressed as: 
Zij=Įi1x1j+Įi2x2j+Įi3x3jĂ+Įimxmj                                                                                                                           (1) 
Where z is the component score, Į is the component loading, x the measured value of variable, i is the component 
number, j the sample number and m the total number of variables. 
2.3.  Cluster analysis 
Cluster analysis is an unsupervised pattern recognition technique that uncovers intrinsic structure or underlying 
behavior of a data set without making a priori assumption about the data, in order to classify the objects of the 
system into categories or clusters based on their nearness or similarity [23]. Then the results of CA show high 
homogeneity within cluster and high heterogeneity between clusters [8]. Hierarchical clustering is the most common 
approach in which clusters are grouped sequentially, by starting with the most similar pair of objects and forming 
higher clusters step by step and is typically illustrated by a dendrogram. The dendrogram provides a visual summary 
of the clustering processes, presenting the map of groups with a dramatic reduction in dimensionality of the original 
data. Hierarchical agglomerative CA was performed on the normalized data set by means of the Ward method, using 
Euclidean distances as a measure of similarity. The Euclidean distance usually gives the similarity between two 
samples and a distance can be represented by the difference between analytical values from both the samples. This 
method uses the analysis of variance approach to evaluate the distances between clusters, attempting to minimize the 
sum of squares of any two clusters that can be formed at each step [12, 24, 4, 16]. 
3. Results 
3.1.  Raw data and water quality trends 
Results of physicochemical analysis of the water samples collected from 49 monitoring station are given as 
follows. Mainly concentrations of chemical pollutants such as DO, CODMn, BOD5, TP, NH3-N, Hg and Oil were 
statistical analyzed. The results showed that the DO concentration ranged from 0.85-9 mg L-1, the CODMn 
concentrations varied from 1.0 to 7.7mg L-1, the BOD5 values ranged from 0.25 to 22.8 mg L-1 , the ammonia 
nitrogen concentrations varied from 0.25-8.14 mg L-1, the concentrations of total phosphorus ranged from 0.035-
0.665 mg L-1, concentration of Oil varied from 0.025-0.225 mg L-1, and the concentration of Hg ranged from 
0.00002-0.00009 mg L-1. Analysis of variance for all the parameters except TP, Oil and Hg showed that U values 
were <0.05. It means all the characteristics about pollutants differed significantly at 49 stations except TP, Oil and 
Hg. To summarize, river water in Pearl River Delta are suffered from different degrees of pollution and showed a 
significant spatial variation. 
3.2.  Principal component analysis 
The results of the PCA for three regions based on the correlation matrix (Table 1) of chemical parameters are 
presented in Table 2, and the scree plot and cumulative variance proportion of principal components are shown in 
Figure 2. The first four principal components of PCA analysis showed 85.52% and 89.25% of the total variance for 
the data set in North and West River region, respectively; the first three principal components showed 84.21% of the 
total variance for the data set in East River region (Table 2). Score of each station of PCA in three regions are 
presented in Table 3, 4 and 5. 
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3.3. Cluster analysis 
Cluster analysis was applied on score of principal components of three regions respectively, to detect spatial 
similarity and dissimilarity for monitoring stations distributed in the river watershed. The results of CA based on 
station scores of PCA for the three regions are shown in Figure 3 (a, b, c). The monitoring stations of North River 
region and West River region were grouped into four statistically significant clusters, respectively; and a total of 
three clusters of monitoring stations were obtained from East River region (Figure 3 b) 
Table 1 Correlation matrices of water quality parameters for different regions. 
 DO  COD BOD TP NH3-N Oil Hg 
North River region 
DO 1       
COD 0.3042 1      
BOD 0.0628 0.4140 1     
TP -0.4613 -0.3858 -0.0446 1    
NH3-N -0.7388 -0.1303 -0.0499 0.0587   1   
Oil 0.0362 0.2734 -0.0070 -0.1185 -0.0528 1  
Hg -0.6318 -0.3038 -0.1203 0.4095 0.4312 0.0205 1 
East River region 
DO 1       
COD -0.4311 1      
BOD -0.7371 0.5914 1     
TP -0.2239 0.0914 0.4367 1    
NH3-N -0.4090 0.0124 0.4940 0.8734 1   
Oil -0.3410 0.3559 -0.1238 -0.0879 -0.2276 1  
Hg 0.1843 0.4413 0.2208 0.0709 0.0057 -0.2758 1 
West River region 
DO 1       
COD -0.3201 1      
BOD -0.0458 0.3872 1     
TP -0.5926 0.4944 0.0838 1    
NH3-N -0.6082 0.5150 0.3319 0.5652 1   
Oil -0.0757 0.6737 0.1617 0.3402 0.2251 1  
Hg -0.0920 -0.2517 -0.3871 -0.1150 0.2033 -0.0228 1 
4. Discussion 
4.1.  Regional correlation of water quality parameters 
Before applying PCA, correlation analysis was carried out. And the analytical results are listed in Table 1. 
According to the results of correlation matrices, for North River region, significant negative correlations existed 
between DO and NH3-N, DO and Hg; there was significant positive correlation between CODMn and BOD5; and TP 
and Oil variables were independent. As to East river region, significant negative correlation existed between CODMn 
and DO; significant positive correlations appeared between CODMn and BOD5, TP and NH3-N. Similar to the above 
two regions, there were significant negative correlations between DO and TP, DO and NH3-N; and positive 
correlations existed between CODMn and NH3-N, CODMn and Oil, TP and NH3-N. The analysis results indicated that 
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significant positive and negative correlations existed between parameters of water quality. Based on these 
relationships, it can be concluded that a few factors can explain the main variance of all the parameters, and be used 
to find an internal structure and assist in determination of pollutant sources not directly accessible to [14, 5].   
4.2. Spatial variability and source identification of water quality using principal component analysis 
Due to the complexity of relationships between parameters of water quality, it is difficult to draw a clear 
conclusion directly. However, principal component analysis can explain the structure of the data in detail by 
extracting the latent information. The scree plot with eigenvalues was used to determine the number of principal 
Table 2 Loadings and eigenvalues of water quality parameters on significant principal components for river water samples from North River 
region, East River region and West river region 
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components (PCs) that could be kept for further research and comprehending the underlying data set [3, 23]. In this 
study the scree plot (Figure 2) showed that the first four PCs were be used to further analysis for North and West 
River regions, and the first three PCs for East River region, respectively explained 85.52%, 84.63% and 89.25% of 
the original dataset.  
Projection of the original variables on the subspace of the PCs are called loading and coincides with the 
correlation coefficients between PCs and variables [9, 23]. And the component loadings can be used to determine 
the relative importance of a variable as compared to other variables in a PC, and do not reflect the importance of the 
component itself [3]. Therefore, the positive values on each component are related to important inputs, and the 
negative values correspond to low inputs [14]. 
As to water quality of North River region, loading of four retained PCs are presented in Table 2. PC1 explained 
38.19% of the total variance and was highly contributed to by variables organic related parameters (DO and CODMn), 
inorganic nutrients (NH3-N and TP) and metal Hg. Since the component seems to mainly measure the synthesized 
 PC1 PC2 PC3 PC4 
North River region 
DO -0.883 -0.324 -0.027 0.054 
CODMn -0.591 0.643 0.047 0.021 
BOD5 -0.271 0.576 0.669 0.208 
TP 0.614 -0.212 0.281 0.618 
NH3-N 0.673 0.470 -0.060 -0.491 
Oil -0.170 0.457 -0.703 0.464 
Hg 0.782 0.182 -0.084 0.188 
Eigenvalue 2.673 1.359 1.035 0.920 
Variability (%) 38.185 19.409 14.784 13.142 
Cumulative (%) 38.185 57.594 72.378 85.520 
East River region 
DO -0.747 -0.398 0.353  
CODMn 0.567 0.636 0.414  
BOD5 0.894 0.113 0.154  
TP 0.712 -0.505 -0.153  
NH3-N 0.760 -0.552 -0.222  
Oil 0.031 0.750 -0.430  
Hg 0.198 -0.019 0.919  
Eigenvalue 2.804 1.698 1.422  
Variability (%) 40.054 24.258 20.319  
Cumulative (%) 40.054 64.312 84.631  
West River region 
DO -0.658 0.501 0.333 0.173 
CODMn 0.835 0.303 0.262 0.005 
BOD5 0.432 0.592 -0.381 0.508 
TP 0.782 -0.215 -0.080 -0.410 
NH3-N 0.792 -0.335 -0.185 0.348 
Oil 0.588 0.254 0.720 -0.003 
Hg -0.135 -0.775 0.364 0.464 
Eigenvalue 2.920 1.517 1.017 0.793 
Variability (%) 41.718 21.674 14.53 11.331 
Cumulative (%) 41.718   63.392 77.922 89.253 
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information of all parameters of water quality, and may be related to anthropogenic pollution of industrial, domestic 
and agricultural source. This component also reveals that the parameter Oil with low loadings were less important in 
accounting for river water quality in the North River region. PC2 explained 19.41% of the total variance and was 
positively contributed to by BOD5 and CODMn. It indicated that the component was related to organic pollutants 
from domestic and industrial wastewater. PC3 explained 14.78% of the total variance in the dataset and consist of a 
strong loading of BOD5, and the negative variable loading of this component was Oil. This component was mainly  
Table 3 Score of PCA for each station in North River region 
 PC1 PC2 PC3 PC4 Total score 
2 -1.1857 -0.5909 0.1817 -0.4504 -0.5997 
3 -1.3450 -1.4452 0.0438 -0.0022 -0.7880 
10 0.5197 -1.6193 -0.3509 -0.5673 -0.2419 
11 0.7569 -0.7489 -0.3814 -1.0112 -0.0451 
12 0.9260 0.4792 0.1534 -0.7319 0.3735 
14 -0.9164 -0.2226 -0.1608 -0.3090 -0.4575 
15 -0.9475 -0.6766 0.6108 -0.2426 -0.4346 
18 -0.7217 -1.0442 0.0869 -0.0580 -0.4730 
19 -0.5245 -0.7033 0.4701 0.4419 -0.2094 
20 -0.1937 -0.1433 0.4964 0.6232 0.0533 
28 -0.5783 0.1908 -0.6510 -0.6215 -0.3616 
31 -0.5096 0.3252 0.9461 -0.1628 -0.0129 
32 -0.5634 2.4744 2.0324 0.6806 0.6548 
33 -0.4641 0.7820 0.8931 0.8493 0.2179 
34 -0.2449 0.3035 0.6199 -0.4774 -0.0055 
35 1.8276 1.0956 0.0079 -1.6405 0.6969 
36 1.0625 -0.2577 -0.2693 -0.5698 0.2414 
37 -0.8524 -0.1345 -1.1487 0.4373 -0.4644 
38 0.1164 1.2392 0.3171 -0.4428 0.2738 
39 0.0110 1.1274 -2.1270 1.2615 0.0734 
40 -0.0634 0.9990 -2.5790 1.4060 -0.0279 
41 1.4225 -0.0232 -0.3615 -1.3416 0.3096 
42 2.4678 -1.4065 1.1698 2.9291 1.2267 
 
Table 4 Score of PCA for each station in East River region. 
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 PC1 PC2 PC3 Total score 
4 0.5964  -1.3522  -0.6512  -0.2215 
13 -1.2260 -1.0903 -0.1335 -0.7826 
29 1.5670  -0.0389  0.1820  0.6551 
30 1.5433  0.5150  0.7953  0.9046 
43 0.8259  -1.2015  -0.7330  -0.1096 
44 -0.9498  -0.5151  0.1910  -0.4666 
45 -0.8898  -0.0245  -0.0264  -0.3677 
46 -0.4696  1.1692  -1.9968  -0.3100 
47 0.1665  1.6085  -0.0285  0.4511 
48 -0.5465  1.0216 0.3499  0.1000 
49 -0.6174  -0.0919  2.0512  0.1471 
Table 5 Score of PCA for each station in West River region 
 PC1 PC2 PC3 PC4 Total score 
1 -1.1896 2.4871 0.0159 0.4572 0.0968 
5 0.3710 0.2201 -0.6890 -1.4394 -0.0608 
6 -0.0313 0.1415 -0.6306 0.2216 -0.0489 
7 0.2500 0.6957 -1.3514 -0.0599 0.0519 
8 1.8733 -1.0621 -1.0676 1.5972 0.5773 
9 -0.3449 -1.2717 -0.1743 -0.6458 -0.5180 
16 -1.3118 -0.6503 0.9386 0.2809 -0.5200 
17 -1.2807 -0.7134 0.9065 1.7991 -0.3534 
21 2.1261 0.9181 2.6041 -0.0107 1.4632 
22 -0.3147 0.5181 -0.2056 0.7402 0.0350 
23 -0.1158 -0.8625 0.4723 -1.7547 -0.3654 
24 -0.1170 -0.7126 0.5959 -0.2763 -0.1479 
25 0.4570 -0.2038 -0.8223 0.6640 0.1022 
26 -0.6705 -0.4793 -0.0005 -0.7678 -0.4707 
27 0.2988 0.9750 -0.5920 -0.8056 0.1587 
 
associated with organic related parameters and Oil parameters. PC4 accounted for 13.14% of the total variance and 
was highly contributed to by variable TP, and was bound up with inorganic nutrients parameters. 
For East River region, analysis results of loading and cumulative (%) on three retained PCs are also given in 
Table2. The total explained variance of PC1 was 40.05%, and had a strong loading of organic related parameters 
(BOD5), inorganic nutrients (NH3-N and TP), and was negatively influenced by DO. This component seemed to be 
composite influence of organic pollutants and inorganic nutrients. The pollution in this region was ascribed to 
concentrated urban and industrial activities which induced a large number of wastewater discharge into river nearby. 
Other researchers also provided the similar issue [25, 26, 20]. Among these literatures, Ho and Hui [25] utilized 
photogrammetic to survey the sources of contamination in East river and found that the pollution were related to 
human activities, such as domestic and industrial discharges, agricultural chemical applications and soil erosion due 
to deforestation. PC2 represented 24.26% of the total variance and consists of a strong loading of parameter Oil.  
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Figure2 Scree plot and cumulative variance proportion of principal components in three regions (a: North River region, b: East River region, c: 
West River region). 
 
 
 
a 
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b 
c 
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Figure3. Result of cluster analysis based on the score of PCA (a: North River region, b: East River region, c: West River region). The 
dissimilarity defined by Euclidean distance and the combination of cluster is based on Ward method. 
This component was associated with influences from Oil pollutants. PC3 explained 20.32% of the total variance and 
contributed to by variable Hg, so this component linked with impacts from metal. 
As shown in Table2, the result of PCA indicated four components underlying the characteristics of river water 
quality in West River region. Similar to the results of North and East River region, PC1 (41.72% of total variance in 
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the dataset) in this region was also related to common influences of almost all the parameters of water quality. And 
the non-point source pollution for the use of chemical fertilizers and pesticides is becoming increasingly serious 
associated with the development of agriculture. PC2 accounted for 21.67% of the total variance and consisted of a 
negative loading of Hg. It indicated that this component was related to factor of metal. PC3 explained 14.53% of the 
total variance was an Oil-related component with a high loading of Oil. PC4 represented 11.33% of the total 
variance in the dataset and had a strong contribution from BOD5, so this component was associated with organic 
pollutants parameters.  
For the three regions, PC1 was related to synthesis influence of almost all the parameters of river water quality. 
But the information of PC2, PC3 and PC4 (except East River region) related to was different. Similar researches 
applied PCA for evaluation of spatial variations in river water quality has earlier been used [8, 12, 24, 23, 27]. 
4.3.  Analysis of stations with parameters variance in the three regions  
Table 3, table 4 and table 5 show the PC score of every station in North River region, East River region and 
North River region, respectively.  
For North River region, basing on PCs score station 42 had got the highest scores among all the stations, and 
station 35 and 32 came second; score of them were much higher than others, it indicated that the rivers which the 
three stations located at were suffered from serious pollution. Among these stations, station42 is located in 
Zhongshan city and both station 35 and 32 are located in Panyu district of Guangzhou city, where many 
manufacturing factories were built and a large number of wastewater from domestic and industrial plants were 
discharged. The station 2 and 3 had the lower scores than others, which suggested both of them had better river 
water quality; these stations are located in the upstream of North River and far from cities, so they had received little 
pollution.  
As to East River region, scores of station 30 and 29 were higher than other stations according to the result of 
PCA, and score of station 13 was the lowest which significantly lower than others. It can be concluded that in this 
region rivers with station 30 and 29 were seriously polluted by all kinds of pollutants, because there were a mass of 
factories nearby the two stations in Guangzhou city. But water quality was a little better in river flowing through 
station 13, which was because the station was located at the Humen where water quality was influence by tide and 
had better purification capacity.  
  Among of all the stations in West River region, station 21 had got the highest score based on the result of PCA, 
and the second was station 8; the lower scores appeared in station 9 and 16. It seemed to that in this region water 
quality of station21 were deteriorated seriously and the next was station 8 also with bad water quality compared with 
other stations. However, river where station 8 located at had better water quality in this region. 
4.4.  Spatial similarity and site grouping in different regions  
CA has been proved useful in solving classification problems where the object is to sort cases or variables into 
groups, such that the degree of association is strong between members of the same cluster and weak between 
members of different clusters [28]. Since, in a watershed CA technique is a useful tool that offers reliable 
classification of surface water and makes possible to adequately serve for spatial assessment in an optimal manner 
[8]. Sites in the same cluster often possess similar characteristics and natural background source types [4]. To survey 
anthropogenic and natural influences on characteristics of water quality in monitoring stations of three regions, CA 
was used to classify these stations based on results of PCA.  
4.4.1. North River region 
CA generated a dendrogram grouping the monitoring stations into four groups at (Dlink/Dmax)h100<15, and 
there were significant differences between clusters (Figure 3A). Among all the stations, station 42 was clarified into 
cluster 1, where river water quality was polluted seriously, and mainly influenced by synthesis pollutants from 
domestic and industrial waste water and agriculture runoff. Cluster 2 consisted of seven stations (10, 11, 12, 35, 36, 
38 and 41) with moderate pollution of river water. And the dendrogram clarify the abnormality of station 39 and 
station 40 which make up one group as cluster3, water quality of which was light pollution and influenced by 
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organic and inorganic nutrients pollutants. The remaining stations (2, 3, 14, 15, 18-20, 28, 31, 32, 33, 34, 37) were 
grouped into cluster4. Water quality of this group was better compared with the above three clusters.  
4.4.2. East River region 
The dendrogram of Figure 3B showed that a total three clusters of monitoring stations were obtained at 
(Dlink/Dmax)h100<15 by CA based on the score of PCA in East River region. The monitoring stations 4, 29, 30 
and 43 were grouped into cluster1 with water quality of severe pollution. Water quality in these stations was 
comprehensively affected by all the parameters in this study. Cluster 2 consisted of station 46, 47 and 48, where 
water quality was received moderate pollution, and was mainly caused by manufacturing industry wastewater and 
shipping. Cluster 3 was grouped by stations 13, 44, 45 and 49 which received light pollution, and have better water 
quality.  
4.4.3. West River region 
According to result of CA, the monitoring stations in this region were grouped into four clusters concluded from 
the dendrogram (Figure 3C) at (Dlink/Dmax)h100<15. Cluster 1 only consists of one station (21), had received 
severe pollution from domestic and industrial wastewater and agricultural runoff. Similar to cluster 1, cluster 2 was 
grouped by station 8, water quality of which was better than cluster 1, but were moderate polluted. Cluster 3 
consisted of six stations (9, 16, 17, 23, 24 and 26), was low polluted region. Seven stations (1, 5, 6, 7, 22, 25 and 27) 
were classified into cluster 4. Water quality in these stations was better than others, and was suffered from less 
pollution compared with other stations.   
This suggests that the CA technique was reasonably able to distinguish the similarity and dissimilarity of spatial 
patterns for different types of water quality in the study area, and will be possible for rapid management of water 
resources in an optimal manner. The same characteristics are also reported by other researchers [8, 29, 30, 4]. 
5. Conclusion  
In this study, PCA and CA multivariate techniques have been used for water quality spatial assessment and 
pollution sources identification in PRD. The results of the PCA suggested parameters responsible for water quality 
variations in North River region was mainly related to organic related parameters (DO and CODMn), inorganic 
nutrients (NH3-N and TP) and metal Hg; but in East River region, mainly related to organic related parameters 
(BOD5) and inorganic nutrients (NH3-N and TP), and in West River Region, mainly related to organic related 
parameters (CODMn) and inorganic nutrients (NH3-N and TP). Cluster analysis was applied on score of principal 
components of three regions respectively. The monitoring stations of North River region, East River region and 
West River region were grouped into four, three and four statistically significant clusters, respectively. Stations 
within a same cluster had similar water quality characteristics. Therefore, the method used here can offer a useful 
tool for assessment of water quality and management of water resources in some regions with a large number 
complex water quality datasets involved. 
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